Consensus strategy was proved to be highly efficient in the recognition of gene-disease association. Therefore, the main objective of this study was to apply theoretical approaches to explore genes and communities directly involved in breast cancer (BC) pathogenesis. We evaluated the consensus between 8 prioritization strategies for the early recognition of pathogenic genes. A communality analysis in the protein-protein interaction (PPi) network of previously selected genes was enriched with gene ontology, metabolic pathways, as well as oncogenomics validation with the OncoPPi and DRIVE projects. The consensus genes were rationally filtered to 1842 genes. The communality analysis showed an enrichment of 14 communities specially connected with ERBB, PI3K-AKT, mTOR, FOXO, p53, HIF-1, VEGF, MAPK and prolactin signaling pathways. Genes with highest ranking were TP53, ESR1, BRCA2, BRCA1 and ERBB2. Genes with highest connectivity degree were TP53, AKT1, SRC, CREBBP and EP300. The connectivity degree allowed to establish a significant correlation between the OncoPPi network and our BC integrated network conformed by 51 genes and 62 PPi. In addition, CCND1, RAD51, CDC42, YAP1 and RPA1 were functional genes with significant sensitivity score in BC cell lines. In conclusion, the consensus strategy identifies both well-known pathogenic genes and prioritized genes that need to be further explored.
Prioritization algorithms and Consensus strategy. The prioritization methods were selected according to two criteria: (1) full available platform in web service, and (2) requiring only the disease name for gene prioritization. The eight bioinformatics tools that met these criteria were Glad4U 19 , DisgeNet 20 , Génie 21 , SNPs3D 22 , Guildify 23 , Cipher 24 , Phenolyzer 25 and Polysearch 26 . These prioritization algorithms present several characteristics that have been previously evaluated by several authors 15, 27 . The previously selected prioritization tools were well integrated in the CS 17 . Each gene "i" in the ranked list provided by each method "j" was normalized (GeneN i,j which means, the normalized score of the gene "i" in the method "j") in order to integrate all methods for the Consensus approach. For the final score per gene we considered the average normalized score as well as the number of methods that predict the gene "n i " using:
The equation (1) corresponds with the geometrical mean between the average score of each gene obtained in each method and the normalized score according to the number of methods which predict the gene-disease association 17 . The geometrical mean, using the square root, is applied because it is more sensitive to extreme values than the arithmetic mean. Therefore, genes are ordered according to the Gene i values. This sorting will produce a ranking that further normalized leading to the final score of each gene (ConsenScore i ). The final list has 19,989 prioritized genes. To reduce this list we used the already predefined pathogenic genes (G1 and G2) and the following equation Enrichment analysis. Pathway enrichment analysis and gene ontology (GO) were performed using David Bioinformatics Resource 28, 29 . Revigo was used to simplify the high number of genes and GO terms, maintaining it with highest specificity 30, 31 . In addition, RSpider was used to obtain integrated information from the Kyoto Encyclopedia of Genes and Genomes (KEGG) 32, 33 . RSpider will produce statistical analysis of the enrichment and a network representation integrating the information in both databases. This tool connects into non-interrupted sub-network component as many input genes as possible using minimal number of missing genes 32 . Protein-protein interaction network analysis. The protein-protein interaction (PPi) network with a highest confidence cutoff of 0.9 and zero node addition was created using the String Database 34 . The confidence score is the approximate probability that a predicted link exists between two enzymes in the same metabolic map. The String Database takes into account known and predicted interactions 34 . The centrality indexes calculation and network visualization was analyzed through the Cytoscape software 35 . The communality network analysis (CNA) was performed by clique percolation method using the CFinder software 36 . The CNA provides a better topology description of the network overlapping modules that correspond with relevant biological information and including the location of highly connected sub-graphs (k-cliques) 17 . The different k-cliques present different number of communities and genes per community. The selection of the k-clique value will define our further analysis. The higher the k-clique value is, the lower the number of communities that integrate it and vice versa. In our network, both extremes (too small or too high k-clique values) generate imbalance in the gene distribution present in each community. In order to minimize this bias, we used "S" index detailed in equation (3) 17 , where N g k and N c k represent the number of genes in each community and the number of communities for a defined k-clique cutoff value:
In order to provide a weight of the pathways integrating also network information we used the PathScore m defined as 17 : if ConsenScore i k is the ConsenScore i of the gene "i" in the community "k" then: (1) Each community "k" was weighted as:
where N k is the number of communities. (2) Each pathway "m" was weighted as:
of each community connected with the pathway "m" and N k m is the number of communities connected with the pathway "m". (3) A second weight was given to the pathway "m" (PathGeneScore m ) considering all the genes involved in the pathway as:
where "Nm" is the total number of genes in the pathway "m" while "nm" is the number of those genes which are also found in the PPi network. ConsenScore i m is the average of the ConsenScore i of all genes present in the pathway "m". (4) The final score associated with the pathway "m" (PathScore m ) is calculated as the geometrical mean between PathGeneScore m and the normalized PathRankScore m .
K-mean analysis.
Once the k-clique cutoff is defined, there are several communities that need also to be rationally reduced. We proposed a K-mean clustering analysis using the following variables: PathScore, average degree and average consensus ranking of the genes in that community. The cluster analysis will lead us to group communities with similar patterns according to predefined variables.
Oncogenomics validation with the OncoPPi BC network and the DRIVE project. OncoPPi
reports the generation of a cancer-focused PPi network, and identification of more than 260 high-confidence cancer-associated PPi according to Li et al., and Ivanov et al. 37, 38 . In addition, the OncoPPi BC network is conformed by 94 genes and 170 PPi experimentally analyzed in BC cell lines 37, 38 . The correlation of the degree centrality by means of Spearman p-value test between the OncoPPi BC network and our String PPi network, and between the OncoPPi BC network and our BC integrated network allows validation of all the high-confidence breast cancer-focused PPi analyzed in cell lines and proposed in our study.
On the other hand, the DRIVE project (deep RNAi interrogation of visibility effects in cancer) is the larger-scale gene knockdown experiment to discover functional gene requirements across diverse sets of cancer 39 . According to McDonald et al., DRIVE constructed deep coverage shRNA lentiviral libraries targeting 7,838 human genes (e.g. druggable enzymes) with a median of 20 shRNAs per gene and used to screen 398 cancer cell lines, including 24-25 BC cell lines, in order to analyze cell viability 39 . shRNA activity was aggregated to gene-level activity by Redundant siRNA Activity method (RSA). According to König et al., RSA method uses all shRNA reagents against a given gene to calculate a statistical significance that knockdown of gene X leads to loss of viability 40 . Genes with RSA value (sensitivity score) ≤−3 for >50% of cancer cell lines were deemed essential, genes with RSA ≤−3 for 1-49% of cancer cell lines were deemed active and genes with RSA ≤−3 for 0% of cancer cell lines were deemed inert. Regarding our study, we analyzed the sensitivity score of the Consensus genes, the most relevant communities, pathogenic genes, the BC integrated network and the OncoPPi BC network in all cancer cell lines and BC cell lines.
Results
Consensus prioritization. The analyses of pathogenic genes in all bioinformatics tools are presented in Table 1 . However, not all methods are able to identify the 145 proposed BC pathogenic genes.
CS is the method with highest identification of pathogenic genes in G1 and G2 datasets at the lower 1% of the data (199 of 19,989 genes). CS identified the 49.2% of G1 set in the initial 1% and almost 80% of G1 and G2 genes in the 5% of the final gene list (29 and 116 genes, respectively) followed by Phenolyzer method 25 . The identification of the pathogenic genes is important but it is also relevant a low rank for those genes. Therefore, we also included the average rank of the detected genes as presented in Table 2 .
The rank of the detected genes using CS is actually not superior to Guildify 23 , and it is actually very close to Phenolyzer 25 . However, considering both criteria recovering and ranking, CS is superior recovering in the first 1% more genes (10% more than Phenolyzer) in the average 50 top genes. Similarly, in the initial 10% of the data (1998 genes) Consensus recovers almost 20% more genes than Phenolyzer and 50% more than Guildify in the average 280 initial genes. The number of prioritized genes is really elevated (19, 989) and consequently a rational cutoff needs to be applied. The maximal value of I i is 0.787148315 and corresponds with a ranking value of 1842. Therefore, our final reduced list for BC comprises the first 1842 genes (Fig. 1a ). The entire gene list as well as their scores and ranking can be found in Table S4 . In the 1842 genes there are 91.5% of predefined pathogenic genes.
Enrichment analysis of breast cancer related genes and protein-protein interaction net-
work. The enrichment analysis of GO terms related to biological processes (BP) and metabolic pathways was carried on in the 1842 genes. The GO enrichment results into more than 300 terms with a false discovery rate (FDR) < 0.01. In order to simplify this list we used Revigo to calculate the GO term frequencies 30 .
Tables S5 and S6 present a full list of BP in BC genes. We only consider terms with a frequency <0.05%. The BP that present low frequency are more specific and therefore they give a greater biological meaning 41 . Several BP such as ERBB2 signaling pathway, DNA synthesis involved in DNA repair, phosphatidylinositol-3-phosphate biosynthetic process, cellular response to epidermal growth factor stimulus and positive regulation of tyrosine phosphorylation of STAT3 protein are directly associated with the BC pathogenesis [42] [43] [44] .
The enrichment analysis of the KEGG pathways generated significant association (FDR) between BC and the PI3K-AKT, FOXO, ERBB, RAS, prolactin and MAPK signaling pathways [45] [46] [47] [48] [49] [50] [51] . The BP and enriched pathways are consistent between them and also with scientific knowledge about BC (Table S7) .
To better understand BC behavior, in addition to the association between BP and enrichment pathways, it was important to supplement information through a network analysis. With the indicated cutoff of 0.9, the final interaction network had 1484 nodes, corresponding with the 80.6% of the initial Consensus genes (n = 1842). The best-ranked k-clique was 9 (S k = 0.126) with 49 communities ( Fig. 1b and Table S8 ).
Of the 1484 network nodes, only 496 were part of one of the 49 communities (k-clique 9). The network with 1484 genes presented 124 of the 145 predefined pathogenic genes (86%). The sub-network of 496 genes comprises 63 of 145 (43%) predefined pathogenic genes. In this reduction there is an enrichment of the pathogenic genes considering that hypergeometric probability test (HPT) provides a p < 0.01. This means that the number of pathogenic genes in this group is higher than what would be expected at random. On the other hand, the average degree of the pathogenic genes was 37.4 which was statistically significant higher than non pathogenic genes (18.1) at p < 0.05. This result indicates that the average degree of the genes in the network could be associated to BC.
The metabolic pathways obtained by previous enrichment analysis is weighted considering the consensus score of the genes involved as well as their participation in the interaction network. The results presented in Table 3 ( Table S9) shown that some metabolic pathways are present in several communities while others are poorly represented. Among the most relevant signaling pathways with highest PathScore for BC were ERBB, prolactin, mTOR, p53, FOXO, HIF-1, MAPK, PI3K-AKT and VEGF signaling pathways.
Methods
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5% 10% 20% 50% In order to reduce the 49 communities, which is a relative high number, we considered a K-mean cluster analysis using Euclidian distance with the following variables: average node degree in each community, ConsenScore i of each gene in the community, and the average PathScore in each community. The 14 most relevant communities of cluster 1 were: 46 (0.664), 45 (0.677), 47 (0.646), 42 (0.674), 44 (0.663), 30 (0.655), 37 (0.616), 41 (0.640), 43 (0.662), 38 (0.666), 48 (0.649), 32 (0.655), 5 (0.668) and 20 (0.630). These communities could comprise the most relevant BC genes and pathways ( Fig. 1c) . Table 4 details genes that make up the main communities and the HPT p-values (Table S10 ). HPT evaluates the relevance of the pathogenic genes in the communities. The top 20 genes with highest connectivity degree were TP53, AKT1, SRC, CREBBP, EP300, JUN, CTNNB1, RAC1, PIK3CA, EGFR, MAPK8, MAPK1, STAT3, ESR1, MAPK14, CCND1, GRB2, CDK2, FOS and CDKN1A. In addition, 19 of these 20 genes were found in the 14 most relevant communities. The sub-network of genes comprised in the 14 communities is presented in Figs 2, S1(a) and S1(b). Breast cancer integrated network. Figure S2 shows the BC integrated network conformed by 334 genes and proposed by this study: genes from the most relevant communities (n = 84), pathogenic genes (G1 + G2) (n = 115), PAM50 genes (n = 26), the ERBB signaling pathway (n = 54), the FOXO signaling pathway (n = 27), the HIF-1 signaling pathway (n = 40), the MAPK signaling pathway (n = 68), the mTOR signaling pathway (n = 31), the p53 signaling pathway (n = 40), the PI3K-AKT signaling pathway (n = 114) and the VEGF signaling pathway (n = 31).
Additionally, Fig. 3 shows a circular chord diagram of the BC integrated network to better understand the PPi in BC. Genes of the most relevant communities were most associated with MAPK, PI3K-AKT and HIF-1 signaling pathways. Pathogenic genes were most associated with PI3K-AKT, MAPK and FOXO signaling pathways. PAM50 genes were most associated with PI3K-AKT, ERBB and HIF-1 signaling pathways. The ERBB and FOXO signaling pathways were most associated with PI3K-AKT and MAPK signaling pathways. The prolactin, mTOR, p53, HIF-1 and MAPK signaling pathways were most associated with PI3K-AKT and FOXO signaling pathways. The VEGF signaling pathway was most associated with ERBB and MAPK signaling pathways. Finally, the PI3K-AKT signaling pathway was most associated with MAPK and FOXO signaling pathways (Table S11 ).
PAM50 subtypes.
Regarding the intrinsic molecular subtypes obtained from the PAM50 mRNA-based assay 3,6-9,52-54 , the CS identified 31 of 50 (62%) PAM50 genes. Focused heatmap of classification by nearest centroids selected genes for each subtype: luminal A (n = 7), normal-like (n = 6), luminal B (n = 6), HER2-enriched (n = 7), and basal-like (n = 5). The average ranking between luminal A (637.1) with normal-like (624.8), luminal B (106.2) with HER2-enriched (98), and basal-like (738.6) was correlated with the heatmap dendogram of the centroid models of subtype of Parker et al. 3 .
The PPi network created using String Database allowed identifying 26 of 50 (52%) PAM50 genes. The expression patterns of PAM50 are detailed in Table S12 3 . Additionally, the PPi between PAM50 and genes of the most relevant communities, pathogenic genes, and the most relevant KEGG signaling pathways in BC are detailed in Table S12 .
Oncogenomics validation with the OncoPPi BC network. Of the 1484 genes that make up the String Database 34 , 77 genes (5.2%) were part of the OncoPPi BC network 37, 38 . The degree centrality allowed to establish a significant correlation (Spearman p < 0.001; r 2 = 0.273) between the OncoPPi BC network and genes of this network present in our String Database. On the other hand, of the 334 genes that make up the BC integrated network, 51 genes (15%) were part of the OncoPPi BC network. The degree centrality allowed to establish a significant correlation (Spearman p < 0.05; r 2 = 0.237) between the OncoPPi BC network and genes of this network present in our BC integrated network (Table S13 ). Figure 4 shows the correlation of PPi between the OncoPPi BC network and our BC integrated network. This sub-network is conformed by 20 genes of the most relevant communities, 3 PAM50 genes, 4 pathogenic genes (G1 + G2), 7 genes of the PI3K-AKT signaling pathway, 1 gene of the ERBB signaling pathway, 2 genes of the FOXO signaling pathway, 1 gene of the HIF-1 signaling pathway and 13 multiple signaling pathway genes. Finally, this sub-network has 62 breast cancer-associated PPi according to the OncoPPi network (Table S14 ).
Oncogenomics validation with DRIVE. Regarding our results, DRIVE detected 70.6% (1300/1842) of the Consensus genes, of which 3.08% (40 genes) was essential (sensitivity score ≤−3) in all cancer cell lines (n = 398) and 4.15% (54 genes) presented sensitivity score ≤−3 in >50% of BC cell lines (n = 24-25) 39 . DRIVE detected 82% (273/334) of genes that make up the BC integrated network, of which 2.93% (8 genes) was essential in all cancer cell lines and 5.50% (15 genes) presented sensitivity score ≤−3 in >50% of BC cell lines. Regarding genes that make up the most relevant communities, DRIVE detected 94% (79/84), of which 3.80% (3 genes) was essential in all cancer cell lines and 6.33% (5 genes) presented sensitivity score ≤−3 in >50% of BC cell lines, observing an enrichment in the detection in contrast with the Consensus genes. Similarly, DRIVE detected 81% (76/94) of genes that make up the OncoPPi BC network, of which 3.95% (3 genes) was essential in all cancer cell lines and 6.58% (5 genes) presented sensitivity score ≤−3 in >50% of BC cell lines. DRIVE detected 76% (110/145) of pathogenic genes G1 + G2, of which 2.73% (3 genes) was essential in all cancer cell lines and 4.55% (5 genes) presented sensitivity score ≤−3 in >50% of BC cell lines (Fig. 5a,b ). Finally, we proposed a normalized gene list according to the Consensus genes and the sensitivity score ≤−3 in all cancer cell lines (Table S15 ) and BC cell lines (Table S16) .
Additionally, Fig. 5c shows a Venn diagram of 54 genes with significant sensitivity score (≤−3) in >50% of BC cell lines. Of which, CCND1, CDC42, YAP1, RPA1 and RAD51 integrated the most relevant communities, CCND1, CDC42, ITGAV, TFDP1 and TRRAP integrated the OncoPPi BC network, CCND1, CDC42, RPA1, RAD51, CDK1, SMC2, XRCC6, ITGAV, PLK1, MCL1, BCL2L1, ITGB5, RBX1, PPP2RIA and CRKL integrated the BC integrated network, and finally, all 54 genes were part of the Consensus genes. On the other hand, the Venn diagram of the essential genes in all cancer cell lines is shown in Fig. S3 .
Integrated metabolic network and compounds. The reference global network from the 1842 genes was mapped obtaining three significant models (p < 0.005) using RSpider 32 . Model 1 has 662 initial genes, model 2 has 724 initial genes and model 3 has 746 initial genes. The p-value indicates the probability for a random gene/protein list to have a maximal connected component of the same or larger size. This p-value is computed by Monte Carlo simulation as described by Antonov et al. 32 .
The expanded integrated metabolic network (model 3) (Fig. S4 ) allows the entrance of 299 (957 in total) genes in order to bring connections between initial genes. However, it incorporates 66 compounds that also acts as connectors. These compounds obtained from the integrated metabolic network are fully detailed in Table S17 .
Discussion
The CS improves the detection and prioritization of pathogenic genes. In our study, 19,989 genes were analyzed and after prioritization analysis we obtained a top ranking of 1842 genes where the top 10 genes with highest ranking were TP53, ESR1, BRCA2, BRCA1, ERBB2, CHECK2, CCND1, AR, RAD51 and ATM; and where 137 of 145 (94.5%) predefined pathogenic genes associated with BC were identified. CS is the method with highest identification of pathogenic genes in G1 and G2 datasets. Regarding both datasets, CS identified the 40.6% of G1 + G2 sets in the 1% and the 92.3% of G1 + G2 sets in the 10% of the final gene list compared to the second best method (Phenolyzer) that identifies the 31.6% of G1 + G2 sets in the 1% and the 74.2% of G1 + G2 sets in the 10% of the final gene list. Previous studies by Tejera et al. and Cruz-Monteagudo et al., have shown that CS in prioritization improves the detection of genes related with specific pathologies such as Parkinson's and preeclampsia 17, 55 . The importance of combining different prioritization strategies can remove noisy information and increase the relevance of gene-disease association 17 . Therefore, this study proves for the first time that CS improves the early enrichment ability of genes related with BC pathogenesis. The BP from the Consensus genes allowed obtaining already expected information associated with BC. The most relevant BP with major biological meaning were: ERBB2 signaling pathway, whose overexpression can increase tyrosine kinase activities triggering down-stream pathways 56 . DNA synthesis involved in DNA repair, in which DNA lesions have been found to be repairable by proteins either under clinical trials for current drug targets, namely BRCA1 and PARP-1 42, 57 . Phosphatidylinositol-3-phosphate plays a key regulatory function in cell survival, proliferation, migration, angiogenesis and apoptosis 58 . The epidermal growth factor cellular stimulus generates the overexpression of EGFR triggering poor clinical outcomes in BC. Finally, the major signaling pathways activated by EGFR receptors are mediated by PI3K, RAS/MAPK and JNK resulting in a plethora of biological functions 44, 59 .
It is hard to establish a pathway ranking according to their implications in BC without further enrichment analysis. It is the main reason to combine the analysis of the PPi network. The String Database network with 1484 nodes already comprises the 85.5% of predefined pathogenic genes. The sub-network containing only genes belonging to some communities have the 43% of predefined pathogenic genes. On the other hand, the average degree of the pathogenic genes (37.4) was statistically significant higher than non-pathogenic genes (18.1) . That is, the connectivity degree could be associated with the pathogenicity in this network. TP53, AKT1, SRC, CREBBP, EP300, JUN, CTNNB1, RAC1, PIK3CA, EGFR, MAPK8, MAPK1, STAT3, ESR1, MAPK14, CCND1, GRB2, CDK2, FOS and CDKN1A are those genes with highest connectivity degree. The 95% of these genes (19/20) are present in at least one of the 14 most relevant communities. The minimal average ranking, the highest average degree and the Euclidean distance for the identification of clusters using K-mean allowed to determine that the cluster 1 conformed by the 14 communities (46, 45, 47, 42, 44, 30, 37, 41, 43, 38, 48, 32, 5 and 20) are more related with BC.
The CNA determined 84 genes present in the most relevant communities, of which, 12 were BC driver genes according to The Cancer Genome Atlas (TCGA) and the IntOGen web platform 60 . In addition, 35 were tier 1 in the Cancer Gene Census 61 , and 19 of these were cancer hallmarks according to COSMIC 62, 63 , and Hanahan and Weinberg (Table S18) 10, 64 . Oncogenes were ERBB2, CCND1, EGFR, PIK3CA, ERBB3, CDK4, MAPK1, ABL1, LCK and RAC1; tumor suppressor genes were ATM, CDH1, EP300, ATR and BLM; and genes with both features were TP53, ESR1, ERBB4 and CREBBP.
On the other hand, the top 10 statistically significantly mutated genes identified by MutSigCVv.1.4 across the BC samples (n = 1087) in the Pan-Cancer Atlas were PIK3CA (34.7%), TP53 (34.7%), CDH1 (13.3%), GATA3 (12.8%), MAP3K1 (9.1%), PTEN (6.1%), RUNX1 (4.8%), NF1 (4.6%), MAP2K4 (4.4%) and ARID1A (4.3%) 65, 66 . The CS identified the 80% and the CNA analyzed the 40% of these genes.
Regarding the pathway enrichment analysis (k-clique 9) using David Bioinformatics Resource 28 , the most significant BC signaling pathways for the most relevant communities were ERBB, prolactin, mTOR, p53, FOXO, HIF-1, VEGF, PI3K-AKT and MAPK signaling pathways.
The ERBB signaling pathway members form cell-surface receptors with extracellular domains yielding ligand-binding specificity 67 . Downstream signaling from these receptors proceeds via tyrosine phosphorylation mediating signal transduction events that control cell proliferation, migration and survival. However, aberrant ERBB activation in BC can increase transcriptional expression 44 . Genes of the most relevant communities that make up this pathway were MAPK1, MAPK8, ABL1, SRC, AKT1, PIK3CA, EGFR, ERBB3, EGF, ERBB2, CBL, GRB2, PLCG1, ERBB4 and JUN.
The prolactin signaling pathway and its downstream JAK2/STAT5 pathway are involved in the mammary gland development 68 . Furthermore, prolactin and its receptor were found to play a permissive role in oncogene-induced mammary tumors 69 . Genes of the most relevant communities that make up this signaling pathway were MAPK1, FOS, NFKB1, ESR1, RELA, MAPK8, MAPK14, SRC, CCND1, AKT1, INS, STAT3, PIK3CA, GRB2 and IRF1.
The PI3K-AKT-mTOR pathway plays a significant role in proliferation and cell survival in BC 70 . The PI3K heterodimer (p85 and p110) phosphorylates phosphatidylinositol 4,5 biphosphate to phosphatidylinositol 3,4, 4-triphosphate, which in turn leads to the phosphorylation of AKT, which has impact on cancer cell cycling, survival and growth 45 . In addition, mTOR is associated with cell metabolism and cancer cell growth 32, 45 . Regarding antitumor efficacy, Woo et al., suggests that both AKT and mTOR inhibitors have greater antitumor activity in BC 71 . Genes of the most relevant communities that make up the mTOR signaling pathway were MAPK1, AKT1, INS, IGF1, PIK3CA and GRB2; and that make up the PI3K-AKT signaling pathway were MAPK1, NFKB1, RELA, FGF2, BCL2, RAC1, CCND1, AKT1, IGF1, INS, IL6, VEGFA, PIK3CA, GRB2, EGFR, EGF, CDK2, CDK4, TP53 and ATF2. The p53 tumor suppressor holds distinction as the most frequently mutated gene in human cancer 72 . Acting as a transcription factor, p53 plays a critical role in growth-inhibition, angiogenesis, apoptosis and cell migration 73 . Genes of the most relevant communities that make up this pathway were CCND1, IGF1, SERPINE1, CDK2, CDK4, ATM, ATR and TP53.
FOXO transcription factors play a critical role in pathological processes in BC. Those transcription factors regulate phosphorylation, acetylation and ubiquitination 74 . Genes of the most relevant communities that make up this pathway were CREBBP, EP300, MAPK1, MAPK8, MAPK14, CCND1, TGFB1, AKT1, IGF2, INS, STAT3, IL6, PIK3CA, EGFR, EGF, GRB2, CDK2 and ATM.
Hypoxic conditions increase levels of HIF-1 signaling pathway in BC, inducing the expression of genes involved in angiogenesis, resistance to oxidative stress, cell proliferation, apoptosis and metastasis 75 . Genes of the most relevant communities that make up this pathway were CREBBP, EP300, MAPK1, NFKB1, RELA, BCL2, AKT1, SERPINE1, IFG1, INS, STAT3, VEGFA, IL6, TIMP1, PIK3CA, PLCG1, EGFR, EGF and ERBB2.
The VEGF signaling pathway not only contributes to angiogenesis and vascular permeability but also contributes in BC tumorigenesis 76 . Genes of the most relevant communities that make up this pathway were MAPK1, RAC3, MAPK14, RAC1, SRC, CDC42, AKT1, VEGFA, PIK3CA and PLCCG1.
MAPK signaling pathway is involved in cell growth, proliferation, differentiation, migration, and apoptosis [77] [78] [79] . Genes of the most relevant communities that make up this pathway were MAPK1, FOS, RAC3, NFKB1, RELA, FGF2, MAPK8, MAPK14, RAC1, CDC42, TGFB1, AKT1, IGF1, INS, VEGFA, EGFR, EGF, GRB2, TP53, JUN and ATF2.
According to Li et al. and Ivanov et al. 37, 38 , the integration of cancer genes into networks offers opportunities to reveal PPi with therapeutic significance. The PPi mediates the regulation of oncogenic signals that are essential to cellular proliferation and survival, and thus represent potential targets for drug discovery. However, only a small portion of the PPi landscape has been described 37 . The OncoPPi BC network was conformed by 94 genes and 170 PPi experimentally analyzed in BC cell lines 37, 38 . We carried out the validation of our String Database and our BC integrated network by comparing the degree centrality of both networks with the OncoPPi BC network 37, 38 . The degree centrality allowed to establish a significant correlation (p < 0.001) between the OncoPPi BC network and genes of this network present in our String Database. Similarly, the degree centrality allowed to establish a significant correlation (p < 0.05) between the OncoPPi BC network and our BC integrated network. Finally, the sub-network that shares 62 breast cancer-associated PPi between the OncoPPi BC network and our BC integrated network is shown in Fig. 4 and Table S12 . The 20 genes of the most relevant communities present in this sub-network were CBL, NFKB1, STAT3, CTNNB1, INS, MAPK8, MAPK14, FYN, JUN, PIK3CA, AKT1, FOS, RELA, TP53, RAC1, CDC42, CDK4, CCND1, SRC and ERBB3. The CS was effective in the prioritization of genes involved in the expression of BC intrinsic molecular subtypes. The CS identified 31 of 50 (62%) PAM50 genes. The best average ranking corresponded to HER2-enriched (98), followed by luminal B (106.2), normal-like (624.8), luminal A (637.1) and basal-like (738.6). The correlation between average rankings and intrinsic molecular subtypes could be observed in the heatmap dendogram of the centroid models of subtype of Parker et al. 3 . On the other side, our String network allowed to identify 26 of 50 (52%) PAM50 genes. Of these, 8 were tier 1 in the Cancer Gene Census and 7 were cancer hallmarks [61] [62] [63] . Table S11 details the PPi between PAM50 and genes from the most relevant communities. These interactions could be a guide to enrich future experimental studies related to find breast cancer-focused PPi per each molecular subtype. Finally, the circular chord diagram of the BC integrated network showed that PAM50 was most associated with the PI3K-AKT, ERBB, HIF-1, p53 and MAPK signaling pathways.
According to McDonald et al., DRIVE is the larger-scale gene knockdown experiment to discover functional gene requirements across 398 cancer cell lines and 24-25 BC cell lines 39 . The sensitivity score analysis was performed on the genes that make up the Consensus, communities, BC integrated network, pathogenic genes and OncoPPi BC network (Fig. 5a,b) . In all these groups, a higher percentage of genes with significant sensitivity score (≤−3) could be observed in BC cell lines than in all cancer cell lines. This means that the CS and CNA in BC pathogenesis have been effective and corroborated by DRIVE. Hence, the 4.15% (54 genes) of the Consensus has significant sensitivity score in >50% of BC cell lines and 6.33% (5 genes) of genes from the most relevant communities has significant sensitivity score in >50% of BC cell lines. CCND1, CDC42, RAD51, RPA1 and YAP1 were genes with significant sensitivity score in >50% of BC cell lines present not only in the communities but also in the Consensus, BC integrated network, pathogenic genes and OncoPPi BC network (Fig. 5c) 37, 38 . Regarding those genes, high expression of the CCND1 oncogene is associated to high proliferation rate and increased risk of mortality in ER-positive women 80 . CDC42 is a protein kinase that controls cell migration and progression through G1 to S phase for DNA synthesis 81 . RAD51 is a key player in DNA double-strand break repair. Lack of RAD51 nuclear expression is associated with poor prognostic parameters in invasive BC 82 . RPA1 is upregulated in BC tumors and plays an essential role in DNA replication and repair 83 . Finally, YAP1, a major downstream effector of the Hippo pathway, has an important role in tumor growth. Elevated oncogenic activity of YAP1 contributes to BC cell survival 84 .
The expanded integrated metabolic network (Model 3) ( Fig. S4 ) incorporates 66 compounds that act as connectors according to the Human Metabolome Database 85 , giving us more information related to pharmacogenomics 86 . The metabolic species with the highest connectivity in our network were biophosphate, deoxyguanosine diphosphate (dGDP), cyclic GMP (cGMP), phosphatidate, glutathione (GSH), hydrogen carbonate (HCO3-), lecithin and benzo[a]pyrene-4,5-oxide. Biophosphate participates in phosphatidylinositol biosynthesis. According to Clarke et al., phosphatidylinositol is critical for intracellular signaling and anchoring of carbohydrates and proteins to outer cellular membranes 87 . dGDP is involved in pyrimidine and purine metabolisms. cGMP acts on the purine metabolism. According to Fajardo et al., altered cGMP signaling has been observed in BC 88 . GSH and benzo[a]pyrene-4,5-oxide are involved in glutathione metabolism. According to Lien et al., oncogenic PI3K-AKT stimulates glutathione biosynthesis in mammary human cells by activating Nrf2 to upregulate the GSH biosynthesis genes 89 . HCO3-is involved in propanoate and pyruvate metabolisms. According to Zhu et al., the dysfunction of propanoate and pyruvate metabolisms can trigger the BC progression 90 . Finally, phosphatidate and lecithin are involved in the glycerophospholipid metabolism. According to Huang and Freter, the glycerophospholipids are the main component of biological membranes 91 . The contribution of each individual approach on the whole consensus was analyzed according to the pathogenic genes G1 + G2 as shown in Fig. S5 . The CS was evaluated between several prioritization strategies guiding us to genes with pathogenic involvement in BC. Subsequently, the PPi network and the communality network analyses allowed us to obtain a group of genes increasingly associated with BC. For instance, 0.074 was the ratio between the 145 pathogenic genes (G1 + G2) and the CS genes (n = 1842), 0.083 was the ratio between the 124 pathogenic genes and the PPi network (n = 1484), 0.127 was the ratio between the 63 pathogenic genes and all communities (n = 496), and 0.262 was the ratio between the 22 pathogenic genes with the 14 most relevant communities (n = 84 genes). On the other hand, 0.235 was the ratio between the 22 pathogenic genes and the OncoPPi BC network (n = 51), 0.116 was the ratio between the 45 pathogenic genes and the active genes (n = 387) of the DRIVE BC cell lines, lastly, 0.093 was the ratio between the 5 pathogenic genes and the essential genes (n = 54) of the DRIVE BC cell lines. The oncogenomics validations showed that BC is a complex disease whose development and progression is due in large part to the alteration of genes, metabolites and pathways analyzed in this research and leading us towards reasonable discussion in agreement with our scientific knowledge of the disease. However, the proposed strategies need to be further improved in several topics: 1) the inclusion of other network processing methods to reduce the gene lost, 2) the inclusion of prioritization algorithms based on learning strategies, and 3) the differentiation among BC intrinsic molecular subtypes by bioinformatics tools. Finally, overlapping the barriers previously mentioned we would improve the gene prioritization strategy and the validation of the predicted subtype-specific drug targets such as Zaman et al. study 92 .
